Vehicle detection and classification are very important for analysis of vehicle behavior in intelligent transportation system, urban computing, etc. In this paper, an approach based on convolutional neural networks (CNNs) has been applied for vehicle classification. In order to achieve a more accurate classification, we removed the unrelated background as much as possible based on a trained object detection model. In addition, an unsupervised pretraining approach has been introduced to better initialize CNNs parameters to enhance the classification performance. Through the data enhancement on manual labeled images, we got 2000 labeled images in each category of motorcycle, transporter, passenger, and others, with 1400 samples for training and 600 samples for testing. Then, we got 17395 unlabeled images for layer-wise unsupervised pretraining convolutional layers. A remarkable accuracy of 93.50% is obtained, demonstrating the high classification potential of our approach.
Introduction
Vehicle is one of the greatest inventions in human history. The vehicle has become an indispensable part of modern people's life. The use of a huge large number of vehicles can reflect the population's mobility, intimacy, economic, and so on, and the analysis of vehicle behavior is very meaningful for urban development and government decision-making. In order to collect refueling vehicle information, such as license plate, picture, time, location, volume, type, and so on, we have deployed data collecting equipment in many of refueling stations in Xinjiang, which is mainly responsible for safety supervision and analysis of refueling behavior. Till now, many vehicle profile information such as vehicle color and vehicle type is entered into the system by hand; this is inefficient and not uniform. The accurate, various, and volume of data are the key to dig the value of refueling data. Hence, it has become a problem to be solved urgently that how to obtain the vehicle profile information through the vehicle picture automatically. In this paper, we focus on how to get the vehicle type from the picture. This problem is regarded as image classification, which means we should classify the images containing vehicles into the right type by image processing. Due to the environment in which images are taken is quite varied and complex and the impact of irrelevant background, the vehicles in images are very difficult to recognize.
Thanks to the success of deep learning, we present a combination of approaches for vehicle detection and classification based on convolutional neural networks in this paper. To detect the vehicle in the image more efficiently, a successful object detection approach is used to detect the objects in an image, then the target vehicle waiting for entering refueling station is filtered out. Next, we designed a convolutional neural networks which contains 4 convolutional layers, 3 max pooling layers, and 2 full connected layers for vehicle classification. We trained our model on labeled vehicles images dataset. Comparing it with other five state-of-theart approaches verified our approach achieves the highest accuracy than others. In order to pursue better classification performance, we taken advantage of unsupervised pretraining to better initialize classification model parameters under the circumstance of a shortage of labeled images. The unsupervised pretraining method was implemented based on deconvolution. After pretraining, the convolutional layers 2 Advances in Multimedia were initialized by the pretrained parameters and trained the model on our labeled images data set; thus, we got a better classification performance than the previous without pretraining.
This paper is organized as follows. The related works are introduced in Section 2. Vehicle detection and classification based on CNNs and a pretraining approach are described in Section 3. In Section 4, the vehicles data set is presented, and we evaluated the presented approaches on our data, and the experimental results and a performance evaluation are given. Finally, Section 5 concludes the paper.
Related Works
Existing methods use various types of signal for vehicle detection and classification, including acoustic signal [2] [3] [4] [5] , radar signal [6, 7] , ultrasonic signal [8] , infrared thermal signal [9] , magnetic signal [10] , 3D lidar signal [11] and image/video signal [12] [13] [14] [15] [16] . Furthermore, some of the methods can be combined with a variety of signals, such as radar&vision signal [7] and audio&vision signal [17] . Usually, the detection and classification performance is excellent in these methods because of the precise signal data, but there are many hardware devices involved in these methods, resulting in larger deployment cost and even higher failure rate.
The evolution of image processing techniques, together with wide deployment of surveillance cameras, facilitates image-based vehicle detection and classification. Various approaches to image-based vehicle detection and classification have been proposed over the last few years. Kazemi et al. [13] used 3 different kinds of feature extractors, Fourier transform, Wavelet transform, and Curvelet transform, to recognize and classify 5 models of vehicles; k-nearest neighbor is used as classifier. They compare the 3 proposed approaches and find that the Curvelet transform can extract better features. Chen et al. [18] presented a system for vehicle detection, tracking, and classification from roadside closed circuit television (CCTV). First, a Kalman filter tracked a vehicle to enable classification by majority voting over several consecutive frames, then they trained a support vector machine (SVM) using a combination of a vehicle silhouette and intensity-based pyramid histogram of oriented gradient (HOG) features extracted following background subtraction, classifying foreground blobs with majority voting. Wen et al. [19] used Haar-like feature pool on a 32 * 32 grayscale image patch to represent a vehicle's appearance and then proposed a rapid incremental learning algorithm of AdaBoost to improve the performance of AdaBoost. Arrospide and Salgado [16] analyzed the individual performance of popular techniques for vehicle verification and found that classifiers based on Gabor and HOG features achieve the best results and outperform principal component analysis (PCA) and other classifiers based on features as symmetry and gradient. Mishra and Banerjee [20] detected vehicle using background, extracted Haar, pyramidal histogram of oriented gradients, shape and scale-invariant feature transform features, designed a multiple kernel classifier based on k-nearest neighbor to divide the vehicles into 4 categories. Tourani and Shahbahrami [21] combined different image/video processing methods including object detection, edge detection, frame differentiation, and Kalman filter to propose a method which resulted in about 95 percent accuracy for classification and about 4 percent error in vehicle detection targets. In these methods, the classification results are very good; however, there are still some problems. First, the image features are limited by the hand-crafted features algorithms to represent rich information. Second, the hand-crafted features algorithms require a lot of calculation, so they are not suitable for real-time applications, especially for embedding in front-end camera devices. Third, most of them are used in fixed scenes and background environments; it is difficult for them to deal with complex environment.
More recently, deep learning has become a hot topic in object detection and object classification area. Wang et al. [22] proposed a novel deep learning based vehicle detection algorithm with 2D deep belief network; the 2D-DBN architecture uses second-order planes instead of first-order vector as input and uses bilinear projection for retaining discriminative information so as to determine the size of the deep architecture which enhances the success rate of vehicle detection. Their algorithm preforms very good in their datasets. He et al. [1] proposed a new efficient vehicle detection and classification approach based on convolutional neural network, the features extracted by this method outperform those generated by traditional approaches. Yi et al. [23] proposed a deep convolution network based on pretrained AlexNet model for deciding whether a certain image patch contains a vehicle or not in Wide Area Motion Imagery (WAMI) imagery analysis. Li et al. [24] presented the 3D range scan data in a 2D point map and used a single 2D end-to-end fully convolutional network to predict the vehicle confidence and the bounding boxes simultaneously, and they got the state-of-the-art performance on the KITTI dataset.
Meantime, object detection and classification based on Convolutional neural networks (CNNs) [25] [26] [27] are very successful in the field of computer vision recently. The first work about object detection and classification based on deep learning has been done in 2013; Sermanet et al. [28] present an integrated framework for using deep learning for object detection, localization, and classification; this framework obtains very competitive results for the detection and classifications tasks. Up to now, excellent object detection and classification models based on deep learning include R-CNN [29] , Fast R-CNN [30] , YOLO [31] , Faster R-CNN [32] , SSD [33] , and R-FCN [34] ; these models achieve state-ofthe-art results on several data sets. Before the YOLO, many approaches on object detection, for example, R-CNN and Faster R-CNN, repurpose classifiers to perform detection. Instead, YOLO frame object detection is a regression problem to separated bounding boxes and associated class probabilities. The YOLO framework uses a custom network based on the Googlenet architecture, using 8.52 billion operations for a forward pass. However, a more recent improved model called YOLOv2 [35] billion operations. In conclusion, YOLOv2 is a state-of-theart detection system, it is better, faster, and stronger than others and applied for object detection tasks in this work.
At last, unsupervised pretraining initializes the model to a point in the parameter space that somehow renders the optimization process more effective, in the sense of achieving a lower minimum of the empirical loss function [36] . Much recent research has been devoted to learning algorithms for deep architectures such as Deep Belief Networks [37, 38] and stacks of autoencoder variants [39] . After vehicle detection, we can easily get a lot of unlabeled images of vehicles and optimize the classification model parameters initialization by unsupervised pretraining.
Methodology
In this section, we will present the details of the method based on CNNs for image-based vehicle detection and vehicle classification. This section contains three parts: vehicle detection, vehicle classification, and pretraining approach. The relations between each part and the overall framework of the entire idea is shown in Figure 1 .
Vehicle Detection.
Our images taken from static cameras in different refueling station contain front views of vehicles or side views of vehicles at any point. The vehicles in images are very indeterminacy; this makes the vehicle detection more difficult in traditional methods based on hand-crafted features.
The YOLOv2 model is trained on COCO data sets, it can detect 80 common objects in life, such as person, bicycle, car, bus, train, truck, boat, bird, cat, etc., and therefore we can perform vehicle detection based on YOLOv2. In a picture of the vehicle which is waiting for entering the refueling station shown in Figure 2 , YOLOv2 can well detect many objects, for example, the security guards, drivers, the vehicle, and queued vehicles, and even vehicles on the side of road. Here, our goal is to pick up the vehicle which is waiting for entering in picture. Although trained YOLOv2 can detect the vehicle and divide it into bicycle, car, motorbike, bus, and truck, it does not meet our classification categories. In order to solve this problem, to fine-tune the YOLOv2 on our data could be a solution, but this method needs amount of manual labeled data and massive computation, it is not a preferable method for us, and then, we presented a rule-based method to detect four categories vehicles more accurately. First, from the YOLOv2 detection results, we select the objects which are very similar to our targets, such as car, bus, truck, and motorbike; second, according to the distance between the vehicle and the camera, the closer the vehicle is, the bigger the target is, we choose the most similar vehicle in picture as the target vehicle entering the refueling station for further vehicle behavior analysis.
Vehicle Classification.
According to the function and size of vehicles, vehicles will be divided into four categories of motorcycle, transporter, passenger, and others. Motorcycle includes motorcycle and motor tricycle; transporter includes truck and container car; passenger includes sedan, hatchback, coupe, van, SUV, and MPV; others include vehicles used in agricultural production and infrastructure, such as tractor and crane, and other types of vehicles. Figure 3 shows the sheared samples in four categories in each column. As we can see, samples images are very different in shape, color, size, and angle of camera, even the samples images in the same category. And Figure 3 To solve this difficult problem, we presented a convolutional classification model which is effective and requires little amount of operations. Our model, called C4M3F2, has 4 convolutional layers, 3 max pooling layers, and 2 fully connected layers.
Each convolutional layer contains multiple (32 or 64) 3 * 3 kernels, and each kernel represents a filter connected to the outputs of the previous layer. Each max pooling layer contains multiple max pooling with 2×2 filters and stride 2; it effectively reduces the feature dimension and avoids overfitting. For fully connected layers, each layer contains 1024 neurons, each neuron makes prediction from its all input, and it is connected to all the neurons in previous layers. For each sheared vehicle image detected from YOLOv2, it has been resized to 48×48 and then passed into C4M3F2. Eventually, all the features are passed to softmax layer, and what we need to do is just minimizing the cross entropy loss between softmax outputs and the input labels. Table 1 shows the structure of our model C4M3F2.
Pretraining Approach.
With the purpose of achieving a satisfactory classification result, we need more labeled images for training our model, but there is a shortage of labeled images; however, there are plenty of images collected easily, and how to use the plenty of unlabeled images for optimization of our classification model has become the main content in this subsection.
The motivation of this unsupervised pretraining approach is to optimize the parameters in convolutional kernel parameters. Kernel training in C4M3F2 starts from a random initialization, and we hope that the kernel training procedure can be optimized and accelerated using a good initial value obtained by unsupervised pretraining. In addition, pretraining initializes the model to a point in the parameter space that somehow renders the optimization process more effective, in the sense of achieving a lower minimum of the loss function [36] . Next, we will explain how to greedy layer-wise pretrain the convolution layers and the fully connected layers in the C4M3F2 model. Max pooling layer function is subsampling; it is not included in layer-wise pretraining process. An autoencoder [40] neural network is an unsupervised learning algorithm that applies backpropagation, setting the target values to be equal to the inputs. It uses a set of recognition weights to convert the input into code and then uses a set of generative weights to convert the code into an approximate reconstruction of the input. Autoencoder must try to reconstruct the input, which aims to minimize the reconstruction error as shown in Figure 4 .
According to the aim of autoencoder, our approach for unsupervised pretraining will be explained. In every convolutional layer, convolution can be regarded as the encoder, and deconvolution [41] is taken as the decoder, which is a very unfortunate name and also called transposed convolution. An input image is passed into the encoder, then the output code getting from encoder is passed into the decoder to reconstruct the input image. Here, Euclidean distance, which means the reconstruct error, is used to measure the similarity between the input image and reconstructed image, so the aim of our approach is minimizing the Euclidean paradigm. For pretraining the next layer, first, we should drop the decoder and freeze the weights in the encoder of previous layers and then take the output code of previous layer as the input in this Advances in Multimedia 5 layer and do the same things as in previous layer. Next how to use transposed convolution to construct and minimize the loss function in one convolutional layer will be described in detail as follows.
The convolution of a feature maps and an image can be defined as
where ⊕ denotes the 2D convolution, ∈ × is the convolution result and the padding is set to keep the input and output dimensions consistent. ∈ × is the th kernel, and ∈ × denotes the th training image. Then, transform the convolution based on circulant matrix in linear system. A circulant matrix is a special kind of Toeplitz matrix where each row vector is rotated one element to the right relative to the preceding row vector. An × circulant matrix C takes the form in
Let , ℎ ∈ × be the extension of , , where = + − 1, = + − 1. And the method is as follows (3) and (4), where is zero matrix:
Let V ∈ ×1 be in vectored form, be a row of ℎ , and
To build circulant matrices 0 , 1 , 2 , ⋅ ⋅ ⋅ , −1 by and by these circulant matrices, a block circulant matrix is defined as shown in formula (5).
Here, we can transform the convolution into (6).
is the vector form of result of convolution calculation and then to reshape into ∈ × . In this convolution process, the padding is dealing with filling 0, but in actual implementation of our approach, we keep the convolutional input and output dimensions consistent. So we need to prune the extra values to keep the input and output dimensions consistent. So we intercept the matrix , then = [ − 1 : − + 1, − 1 : − + 1].
To simplify the calculation, we extract the effective rows of according to the effective row indexes which indicates the position of the elements of in and denote these rows by ∈ ( −2 +2)( −2 +2)×2 . Now, ∈ ( −2 +2)( −2 +2)×1 is vector form of , so the convolution can be rewritten as
There are training vehicle images and kernels. Let = [ (8) And the deconvolution can be calculated
So is the X reconstruction. Then loss function based on Euclidean paradigm is defined in formula (10), being
Then, we used adam optimizer, which is an algorithm for first-order gradient-based optimization of stochastic objective functions based on adaptive estimates of lower-order moments, to solve the minimum optimization problem in formula (10) .
After the greedy layer-wise unsupervised pretraining, we initiate the parameters in every convolutional layer with the pretrained values and run the supervised training for classification according to the method in previous subsection.
Experiments and Discussions
We evaluated the presented algorithm on our data and compared it with other four state-of-the-art methods.
Datasets and Experiment Environment.
The vehicles images are taken by the static cameras in different refuel stations; after being compressed, they are sent to servers. The quality of images on servers is lower than that selected by random and classified into four categories of motorcycle, transporter, passenger, and others by hand. We got 498 motorcycle images, 1109 transporter images, 1238 passenger images, and 328 other images. Due to the time-consuming and labor-intensive of manual labeling, there is a shortage of labeled images. Image augmentation has been used to enrich the data. Keras, the excellent high level neural network API, provides the ImageDataGenerator for image data preparation and augmentation. Shear range is set to -0.2 to 0.2, zoom range is set to -0.2 to 0.2, rotation range is set to -7 to 7, size is set to 256×256, and the points outside the boundaries are filled according to the nearest mode. After configuration and taking into account the balance of data, we fitted it on our data and got 1400 samples for every categories on the training set and 600 samples for every categories on the testing set to assess our classification model. For vehicle classification, the CNNs are under Tensorflow framework, the SIFT is under OpenCV (https://opencv.org/), and other feature embedding methods are under scikitimage (http://scikit-image.org/). All the experiments were conducted on a regular notebook PC (2.5-GHz 8-core CPU, 12-G RAM, and Ubuntu 64-bit OS).
Vehicle Detection Experiment with YOLOv2.
For the experiment using original images, the original training set and test set are used for training and testing, for the experiment using sheared images, we used the approach based on trained YOLOv2 to detect the original training set and test set to get the sheared training set and sheared testing set for training and testing.
To verify the importance of vehicle detection for vehicle classification, we designed two groups of vehicle classification experiments, one using original images and the other one using sheared images after vehicle detection, then, the C4M3F2 model is used for vehicle classification experiments.
We initialized the C4M3F2 model by truncated normal distribution, fitted the model on original training set and sheared training set for 2000 epochs, respectively, and recorded the accuracy of our C4M3F2 model on different testing set; the results are shown in Figure 5 . As we expected, the sheared images of vehicles more accurately represent the characteristics of vehicles, while pruning more useless information and facilitating the feature extraction and vehicle classification. As we can see in Figure 5 , the accuracy of C4M3F2 model using sheared data set is much better than the one using original data set; in the previous training, the characteristics of vehicles were extracted more accurately, so that, the model quickly achieved a better classification results and a stable status.
Finally, the accuracy of C4M3F2 using sheared data set is 91.42%, which is 4.53% higher than the 86.89% of C4M3F2 using original data set. It can be concluded that the results of vehicle classification using sheared data set after vehicle detection based on YOLOv2 can be improved effectively. The five methods are based on the image features defined by the scholars in computer image processing. Considering the comprehensive factors, four kinds of image features and a convolutional method are selected, they are histograms of oriented gradient (HOG) [42] , DAISY [43] , oriented FAST, and rotated BRIEF (ORB) [44] , scale-invariant feature transform (SIFT) [45] , and DeCAF [1] respectively. These methods are excellent in target object detection in [1, [42] [43] [44] [45] . HOG is based on computing and counting the gradient direction histogram of local regions. DAISY is a fast computing local image feature descriptor for dense feature extraction, and it is based on gradient orientation histograms similar to the SIFT descriptor. ORB uses an oriented FAST detection method and the rotated BRIEF descriptors; unlike BRIEF, ORB is comparatively scale and rotation invariant while still employing the very efficient Hamming distance metric for matching. SIFT is the most widely used algorithm of key point detection and description. It takes full advantage of image local information. SIFT feature has a good effect in rotation, scale, and translation, and it is robust to changes in angle of view and illumination; these features are beneficial to the effective expression of targets information. For HOG and DAISY, image features regions are designed; features are computed and sent into SVM classifier to be classified. For ORB and SIFT, they do not have acquisition features regions and specified number of features; we get the image features based on Bag-of-Words (BoW) model by treating image features as words. In the first instance, all features points of all training build the visual vocabulary; in the next place, a feature vector of occurrence counts of the vocabulary is constructed from an image; in the end, the feature vector is sent into SVM classifier to be classified. DeCAF uses five convolutional layers and two fully connected layers to extract features and a SVM to classify the image into the right group [1] .
Here, we performed vehicle classification experiments on sheared data set. Table 2 shows the accuracy and FPS of CNNs and other state-of-the-art methods in test; other methods are very slow because they take a lot of time to extract features. It can be observed that the results show the effectiveness of CNNs on vehicle classification problem.
From another point of view, we demonstrated the classification ability of each method by confusion matrix of the classification process from the five methods in Figure 6 . The main diagonal displays the high recognition accuracy. As shown in Figure 6 , the top five comparative methods are better in recognition of motorcycle than other categories. Generally speaking, ORB or SIFT combined with BoW and SVM method is a little better than the other two methods. All taken into account, our CNNs method is the best. But, the performance of CNNs turns out not so satisfactory in view than the confusion of transporter and passenger.
Next, we will focus on the reason of confusion in CNNs. According to the precision, recall, and f1-score of classification in Table 3 , it shows that the identification of motorcycle is very good enough, and the identification of transporter and passenger is relatively poor.
As shown in the examples in Figure 7 , it can be seen that the wrongly recognized transporter and passenger images include vehicle face information mainly and very little vehicle body information, as far as the main vehicle face is concerned; these vehicles images are so similar in profile that it is still a challenge to recognize same images in Figure 7 manually.
Pretraining Approach Experiment.
We are eager for better performance of our classification model C4M3F2. Here, unsupervised pretraining has been used for optimization of our classification model. 17395 sheared vehicles images are obtained by shearing the unlabeled vehicles images. We pretrained the parameters of every convolutional layer for 2000 epochs and then supervised training the model on our sheared training set and tested it on our sheared testing set; the results is shown in Figure 8 . In the process of training, the conclusion is that the effect is more obvious in the previous epochs, and the overall training process is stable relatively. Ultimately, the accuracy of pretrained CNNs is 93.50%, which is 2.08% higher than the 91.42% of CNNs without pretraining. By analyzing the classification performance of pretrained CNNs, shown in Table 4 , we can draw a conclusion that its performance is better than the one of CNNs without pretraining shown in Table 3 , especially for the classification of transporter and passenger. In summary, pretrained CNN is more effective in recognizing the vehicles categories, and it is a state-of-the-art approach for vehicle classification.
In the end, to verify the effect of detection in the entire system, we conducted ablation study by pretraining and testing our model on the original dataset which has not been sheared by YOLOv2 and contains a large quantity of irrelevant background. Ultimately, the accuracy of pretrained CNNs on original dataset is 88.29%, which is 5.21% lower than the 93.5% of pretrained CNNs on sheared dataset and even lower than the 91.42% of CNNs without pretraining on sheared dataset; the classification performance is shown in Table 5 . And according the classification accuracy in Table 6 , we can conclude that this ablation study confirms the essentiality of detection virtually in the whole vehicle classification system.
Conclusions
A classification method based on CNNs has been detailed in this paper. To improve the accuracy, we used vehicle detection to removing the unrelated background for facilitating the feature extraction and vehicle classification. Then, an autoencoder-based layer-wise unsupervised pretraining is introduced to improve the CNNs model by enhancing the classification performance. Several state-of-the-art methods have been evaluated on our labeled data set containing four categories of motorcycle, transporter, passenger, and others.
Experimental results have demonstrated that the pretrained CNNs method based on vehicle detection is the most effective for vehicle classification.
In addition, the success of our vehicle classification makes a vehicle color or logo recognition system possible in our refueling behavior analysis; meanwhile, it is a great help to urban computing, intelligent transportation system, etc.
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